Introduction
Ultrasound imaging is a key modality in medical diagnosis. The accurate targets' detection provides precise clinical information for diagnosis. However, compared with other medical imaging modalities, ultrasound images suffer heavily from speckle noise. The speckle noise can be modeled as multiplicative noise, and logarithmic transformation converts it to an additive noise model [1] . The lower quality of ultrasound images results in weak and uncompleted boundaries [2] .
Image denoising is to produce a good estimate of the original image from a noisy observation, and is a basic preprocessing stage for image segmentation, especially for ultrasound images. Tremendous approaches have been proposed to reduce additive noise, and wavelets shrinkage technique [3] maybe one of the most famous algorithms and has been widely applied in ultrasound image denoising [4] . However, due to the isotropic characteristics, this technique yields overly smoothed estimate results for anisotropic features, edges for example. A new multiscale geometric analysis technique named the curvelet transform localizes along curves within images [5] . Though it is still under development, it has shown successful results in denoising applications due to its anisotropic nature. However, for isotropic parts of images, curvelets denoising does not work well. Consequently, a means to take advantage of both techniques may achieve better performance.
The snakes [6] have attracted many researchers attention in the field of ultrasonic image segmentation [7] . A snake curve is an energy-minimizing contour guided by external image and internal spline forces. GVF snake [8] keeps the internal force of the traditional snake model and creates the GVF force as the external force which results in its insensitivity to initialization and enables boundary concavities detection. Unfortunately, the utility is limited in noisy images and the selection of parameters is almost empirical.
The purpose of this paper is to outline the algorithm to segment noisy ultrasound images. A new denoising scheme based on wavelets and curvelets is presented in section 2. Edges' information which is wrongly discarded by wavelet shrinkage is picked up by curvelets from the residue image to improve the performance. In section 3, a parameter-varying snake model is introduced, incorporating prior knowledge on the contours' shape and similar degree based on Fourier descriptors of snakes. It addresses the problem of varying parameters during snake method. In section 4, we qualify the performance and present results for real ultrasound images. Conclusions are drawn in section 5.
Denoising scheme
2.1. Wavelet shrinkage and curvelet denoising algorithm Wavelet shrinkage usually involves: a linear forward wavelet transform, nonlinear thresholding and a linear inverse wavelet transform. Here we describe VisuShrink [3] for example. This approach removes noise by killing coefficients that are insignificant relative to threshold
where is estimated by the wavelet coefficients, and M is the number of pixels.
In curvelet denoising scheme, coefficients are hard thresholded by threshold Tc=k , where k is a scale-dependent weight (k=4 for the first scale while k=3 for the others), and denotes an approximation value for the standard deviation of curvelet coefficients.
Novel denoising scheme
This method takes advantage of high denoising capability of wavelet denoising techniques and furthermore improves the edge-keeping capability by curvelets. For a noisy image I: First, compute its wavelet transform and evaluate ; secondly apply the wavelet shrinkage algorithm and get image I w , then the residue image R=I-I w ; thirdly, apply the curvelet denoising method to R and get image I c which contains edge information; finally compute the denoising result I f =I w +I c .
Modified snake model
3.1. Snake model Snakes are curves defined within an image domain, which move under the influence of internal forces within the curve itself and external forces derived from the image to minimize the energy function E= E int + E ext . E int characterizes the contour, and the relative weights and govern the snake's tension and rigidity, respectively. E ext denotes the external energy which leads the snake towards edges, and indicates its weight [6] . Traditional snakes often converge to the local minimum of the energy functional, and in addition the capture range is quite small which result in the convergence contour sensitive to the initialization. Another problem is that traditional snakes have difficulties in progressing into boundary concavities. The GVF snake resolves these problems by GVF force. However, if desired edges are weak in very noisy images such as in ultrasound images, noise need to be removed by some effective approaches instead of the Gaussian filter.
Shape similarity metric
Fourier Descriptor is a feature for the distribution description of image pixels on image contour, and we follow it to represent the shape of discrete snake contours S(n):
Shape s u normalize ZeroMean s n e N (1) Therefore, a shape similarity metric between snake S and expected snake S Expected is equal to <Shape(S), Shape(S Expected )> .
Segmentation scheme
A parameter-varying snake model is introduced incorporating prior knowledge on the contours' shape and shape similarity metric. In practice, parameters of snakes affect the segmentation results to a great extent. Intuitively, the external energy should govern the minimization procedure when the segmentation is started, in order to force the initial contour to evolve close to boundaries. For the later stages, the shape prior becomes a more important feature for segmentation.
In this scheme, we address the problem of choosing parameters. The segmentation process by snake model starts from a smaller , and a larger until it reaches its convergence. Then the shape similarity metric between the snake curve and the expected shape is computed. If these two shapes differ a lot, these parameters are changed and snake algorithm is restarted in which the last snake is taken as an initial snake. This procedure will last until the shape similarity is satisfied.
Experiments and results
The test image for denoising is a noisy Lena image. The PSNR of denoising result by wavelet shrinkage is 28.2. The residue image is figure 1(a) . This image contains a lot of image details which should not be discarded. 
Conclusion
A novel segmentation scheme for noisy images is presented in this paper, which consists of a new denoising method and a parameter-varying snake model. Various experimental results show that this scheme is promising.
